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Abstract — Today, Industry 4.0 merges the virtual reality
and the real world generating new cyber-physical systems
integrated into a single digital ecosystem. Such digital
ecosystems which in their turn constitute complex automated
systems require more efficient management solutions. The
management process involves “anticipation” that means
forecasting of an evolving event within the above systems at
different (short-term, medium-term and long-term) time scales
to develop and implement effective managerial influences. Data
flows in the above industrial automated systems may be
transformed into time series data to predict aggregate
multicomponent time series data. Dynamic time series data
within complex industrial automated systems result from
interactions among multiple subsystems, and thus they are
aggregate multicomponent time series. To generate the
prediction, the task shall be divided into three steps. At the first
step, the aggregate multicomponent time series shall be
decomposed into several basic components (structural analysis
of multicomponent time series) using the digital signal
processing technology. This step involves digital spectrum
analysis and digital signal filtering technologies. Second step is
intended to generate a neural network architecture for
generating a prediction according to the structure of the
multicomponent time series being predicted. Third step involves
the machine learning technology. Structural analysis of
multicomponent time series and generation of a neural network
architecture allow generating predictions at different time
scales which is important for developing managerial decisions
and influences within the industrial automated systems.

Index Terms — Neural Network, Time Series, Digital
Filtering, Prediction, Automated System, Machine Learning,
Industrial System, Multichannel Signal, Frequency Response.

Prediction is one of key aspects of today’s information
technologies used to make decisions when implementing the
management process in the industrial automated systems.
The management process involves “anticipation” that means
forecasting of an evolving event within the above systems to
develop and implement effective managerial influences.
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As the present-day (and future) industrial automated
systems consist of multiple subsystems, all processes taking
place in the above systems and indicated by the observed
data flows are complex multicomponent processes. Data
flows in the above industrial automated systems may be
transformed into time series data to predict aggregate
multicomponent time series data at different (short-term,
medium-term and long-term) time scales.

Structural analysis of multicomponent time series and
generation of a scalable prediction are required for
forecasting at different time scales.

Russian [1-10] and foreign authors [11-23] have studied
different issues of process modeling and forecasting in
multiple technical systems.

The analysis of Russian and foreign studies shows that the
issue of generation of a scalable prediction for multiple time
intervals basing on observed aggregate multicomponent time
series is still open. This paper focuses on steps and results of
prediction of multicomponent time series.

Figure 1 shows an example of a complex signal (time
series data) indicating a processes taking place in the
technical system.
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Fig. 1. Time series data used to generate a prediction.

At the first step of time series prediction (Fig. 1), the
aggregate multicomponent time series is decomposed into
several basic components (i.e. structural analysis of
multicomponent time series) using the digital signal
processing technology.

Digital signal processing is a flexible tool intended for
preliminary preparation of data. According to the proposed
method, for the purpose of preliminary digital processing of
the time series being predicted, the signal passes through the
low-pass filters (LPFs) comb generating a set of filtered
components of the initial signal at the output. By a “vertical
signal”, we shall mean a set of signal components at the
output of LPFs comb. Vertical signal is a multichannel
signal at the output of LPFs comb consisting of, in this
example, 55 FIR LPFs (finite impulse response (FIR) LPFs)
with sequentially decreasing cutoff frequencies of their
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frequency response. This approach implies decomposition of
the initial signal and subsequent noise filtering using a
parallel set of digital LPFs. Figure 2 shows the result of
initial signal conversion using the digital filtering method.
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Fig. 2. Result of initial signal component conversion (The figure shows
a part of the converted signal).

Multiple filtered signal components shown in Figure 2 are
grouped into five bands (in this example) marked with
different colors.

Figure 3 shows the other part of the initial signal
(Figure 1) featuring a center line of each band.
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Fig. 3. Part of initial signal (Figure 1). The figure shows a center line of
each band.

Therefore, Figure 3 shows the result of conversion of a
section of the initial complex signal (Figure 1) into the
enlarged multichannel signal (five channels or bands)
consisting of five components — center lines of five bands
(Figure 2). Each of five components (center lines) also has
its band edges in the form of a standard deviation (SD) from
the center line (not shown in Figure 3).

Figure 3 shows the result of the first step — structural
analysis of multicomponent time series using the digital
signal processing technology to decompose the aggregate
multicomponent time series into several basic components
(in this example, five basic band components).

Figure 4 shows the result of the second step — generation
of a neural network architecture for generating a prediction
according to the structure of the multicomponent time series
being predicted. In this example, a neural architecture
consisting of five neural networks was selected.
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Fig. 4. Neural network architecture for forecasting five-component
signal.

Several basic components (in this example, five basic
band components, Figures2 and 3) resulting from the
structural analysis of multicomponent time series have
different dynamic time response. “Slower and inertial” band
components allow for a longer-term prediction over a longer
time interval ahead as a result of a more extensive
autocorrelation. Five predictions with different time horizons
are generated for each of five band components based on
their dynamic response using the neural network architecture
(Figure 4) and machine learning technology.

The above five predictions with different time horizons
are used to generate a final scalable prediction over different
time intervals (i. e. prediction of the initial multicomponent
time series). The most distant forecasting horizon of the
initial multicomponent time series corresponds to the
slowest band component. Its maximum band width is the
sum of band widths of all components. The closest
forecasting horizon of the initial multicomponent time series
is defined by the parameters of the fastest band component
(band average and width).

Figure 5 shows an example of a final scalable prediction
of the initial multicomponent time series.
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Fig. 5. Example of a final initial
multicomponent time series.

The forecasting method used in this study and prediction
of the initial multicomponent time series at different time
scales generated using the above method contribute to
effective managerial decisions and influences in complex

industrial automated systems.

scalable prediction of the
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